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Abstract: Deserts are characterized by extreme environmental conditions which require specialized
adaptive mechanisms for both plants and animals to survive. Some of these important ecological
mechanisms utilize indirect interactions involving non-consumptive synergy between species at distant
trophic levels. For example, desert shrubs are known to mitigate extreme climate conditions and create
a more favourable microclimate, thus providing thermal shelter for lizards. It is observed that changing
climate may lead to more frequent and intense extreme weather events in deserts, such as prolonged
drought and shorter intensive rainfall. It is, therefore, important to predict possible ecosystem dynamics
under different scenarios of climatic change. In this study, we consider the interaction between a
population of endangered blunt-nosed leopard lizards (Gambelia sila) and the dominant shrub Ephedra
californica in a large desert ecosystem in the Panoche Hills, in San Joaquin Valley, California. On the
basis of the observation data analysis, we conducted exploratory computations and applied machine
learning techniques to build a predictive model of the microclimate conditions under the shrubs in a
desert ecosystem, focusing on air temperature modification. It was demonstrated that the M5-Rules
algorithm is able to generate predictive models that, on the unseen test subset, closely approximate
observation data. Predictive models can be useful for the regional environmental authorities to plan for
appropriate proactive measures.
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1

INTRODUCTION

Deserts are high-stress ecosystems characterized by annual rainfall of less than 250mm (Noy-Meir,
1973) and annual evapotranspiration rates closely matching the annual precipitation rates (Shields,
1982). Deserts occupy 20–35% of the Earth's land surface and primarily occur at 30° latitudes where
dry tropical air descends, in the interiors of continents far from ocean moisture, and in rain shadows
adjacent to mountains (Abella, 2012). Crawford and Gosz (1982) also indicated a hot and dry climate
with extreme variation (both daily and seasonally) as a key feature of deserts. Harsh environmental
conditions of deserts require both plants and animals to adapt in terms of energy and food consumption
as well as their behavior. For example, many desert animals are nocturnal to avoid extreme daytime
temperatures, digging and residing in burrows to prevent overheating and maintain optimal body
temperature (Whitford, 2002).
In addition to the extreme natural environment, desert ecosystems are presently facing various
anthropogenic challenges. Long-term irrigation and fertilization have led to salinization of desert soils
to the extent that the situation is increasingly becoming a threat to desert ecosystems, and especially
harmful to plant life (Mtisi and Nicol, 2013). In many cases, land uses and management activities, such
as overcultivation of crops and overgrazing, disturb native soil and vegetation, promoting the
establishment and spread of invasive species (Chambers and Wisdom, 2009). D’Antonio and Vitousek
(1992) noted alien grass invasions in arid and semi-arid ecosystems at a worldwide scope, resulting in
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ecosystem-level transformations that severely diminish ecosystem services (Chambers et al., 2014).
American deserts and semi-deserts are experiencing more wildfires due to rising global temperatures
(Allen et al., 2011).
Changing climate may also manifest in the increased variation of weather patterns, particularly in more
frequent and intense extreme weather events in deserts (IPCC, 2014). For example, in the Californian
desert, climate change occurs in the form of the alternation of prolonged extreme drought and shorter
intensive rainfall (Filazzola, 2018). Desert ecosystems in the region are very sensitive and vulnerable
to this kind of events, to the extent that their impact may affect the very presence or absence of certain
species and even alter their community assembly (Filazzola, 2018; Seager, 2007).

Figure 1. The structure of the desert ecosystem at Panoche Hills plateau, California (1 – White
horehound (Marrubium vulgare), 2 – California juniper (Juniperus californica), 3 – California
buckwheat (Eriogonum fasciculatum), 4 – California jointfir (Ephedra californica), 5 – Hillside Daisy
(Monolopia lanceolata), 6 – Purple tansy (Phacelia Tanacetifolia), 7 – Large flowered fiddleneck
(Amsinckia grandiflora), 8 – Red-stem Filaree (Errodium cicutarium), 9 – Soft Brome (Bromus
hordeaceus), 10 – Red Brome (Bromus madritensis ssp. rubens), 11 – common Mediterranean grass
(Schismus barbatus), 12 – Desert Cottontail (Silvilagus audubonii), 13 – Black-tailed jack rabbit
(Lepus californicus), 14 – Heerman’s Kangroo rat (Dipodomys heermanni), 15 – Grasshopper
(Anthropod), 16 – Beetle (Anthropod), 17 – Side blotched lizard (Uta stansburiana), 18 – Blunt-nosed
Leopard lizard (Gambelia sila)).
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It is, therefore, important to predict possible ecosystem dynamics under different scenarios of climate
changes. A desert model should account for many interacting ecosystem components as well as natural
and anthropogenic factors. In this study, we analyze and model data pertaining to the indirect or nontrophic interactions between lizard species and plant communities in a desert ecosystem, specifically,
how they are affected by extreme weather conditions, such as drought and rainfall. Desert shrubs play
a moderating role in mediating extreme climate conditions and creating a more favourable surrounding
microclimate, thus functioning as a thermal shelter for lizards. On the basis of the observation data, we
conducted exploratory computations and applied machine learning techniques to build a predictive
model of the microclimate parameters under the shrub in a desert ecosystem. This model will be
incorporated into the desert ecosystem management tool which can be used by the regional
environmental authorities to plan for appropriate proactive measures.

2

MATERIALS

2.1

Study area

The Panoche Hills Management Area in San Joaquin Valley, California (Figure 2) is a study site which
is characterized as a large, disturbed and highly impacted/fragmented desert ecosystem (Lortie et al.,
2018).

Figure 2. Study area (Adopted from: https://ww2.kqed.org/quest/2012/03/08/side-trips-from-interstate5-panoche-and-tumey-hills/).
The composition of the communities was described elsewhere (see Filazzola et al., 2017, 2018) and is
shown in Figure 1. Local native shrub communities dominated by Ephedra californica are heavily
impacted by non-native annual species, first of all Mediterranean annual grasses and forbs (Filazzola
et al., 2017, 2018).

2.2

Indirect interactions

Architectural fundamentals in software design call for the neighbour communication principle, which
demands that in hierarchical formations, a layer can only communicate with its immediate neighbour
(or adjacent) layers, thus, restricting the number of potential communication pathways and ultimately
reducing the structural complexity of the system (Maciaszek, 2007). However, this is not at all the case
in living systems, particularly in ecosystems, where more complex, indirect, interactions are rather
common.
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The role of non-trophic effects (i.e., nonconsumptive interactions between species at distant
hierarchical levels) in desert ecosystems has been
noted in a number of studies (e.g., Filazzola et al.,
2017). Moreover, it was observed that positive
(versus neutral and negative) interactions are even
more frequent in deserts due to their high-stress and
resource-limited features (Filazzola and Lortie,
2014).
However, non-trophic interactions between shrubs
and lizards in desert ecosystems remain a relatively
novel topic, for which a clear understanding of the
underlying mechanisms and their quantification are
very important. In particular, one of the essential
mechanisms is supported by desert shrubs which
are known to play a critical functional role (Lortie et
al., 2015) including through mitigating extreme
Figure 3. Shrub-lizard indirect interactions
climate conditions and creating a thermal shelter
through microclimate formation.
microclimate for animals (Bauwens et al., 1996)
(Figure 3). In a study of a population of endangered
blunt-nosed leopard lizards (Gambelia sila) and the dominant shrub Ephedra californica in the Panoche
Hills (i.e., the two species separated by multiple trophic levels as seen in Figure 1), it was shown that
positive non-trophic synergy is a critical form of plant-animal interactions (Filazzola et al., 2017).

2.3

Data sets

In this study, we used data on air temperature and relative humidity collected in the Panoche Hills from
paired shrub-open microsites over the period from January 20 to May 3, 2014 by Onset HOBO Pro V2
data loggers. The hourly average for loggers was recorded on each microsite (Filazzola et al., 2016,
2018). According to the United States Drought Monitor (USDM, 2016), the 2013-2014 growing season
from October to April in the study region was classified as an exceptional drought of the highest, D4,
category. Therefore, the demand for thermal refuge created by shrubs for animal thermoregulation
could have been reasonably expected to grow. Over this period, the air temperature varied from -1oC
to almost 50 oC, with the average magnitude of approximately 13oC.

3

RESULTS

We applied machine learning techniques to build a predictive model of the microclimate conditions
under the shrubs in the desert ecosystem. Among standard data mining tasks, such as anomaly
detection, association rule learning, clustering, classification, regression, etc. (Han et al., 2006), the
problem fits within the scope of regression tasks, as they are meant to find a pattern that models the
data with the least error for estimating the relationships between them. The M5-Rules algorithm (Holmes
et al., 1999; Quinlan, 1992) was used, which generates a decision list for regression problems using a
separate-and-conquer learning rule. Duggal and Singh (2012) conducted a study of the performance of
M5-Rules for the modeling of effort estimation of software projects as compared with different algorithms
and demonstrated that M5-Rules had the best results among other tested algorithms. The M5-Rules
implementation in the WEKA open source software package (Hall et al., 2009; WEKA, 2007) was used
in the study.
The data were collected outside (in the open) and under each participating shrub over the period from
January 20 to May 3, 2014. Available time series represent hourly magnitudes of the air temperature
and relative humidity. The time series were pre-processed to identify inconsistent or missing values,
synchronize them and unify the formats. For each shrub, the corresponding data set was split into
training and testing subsets. As seen in Figure 4, the air temperatures over the investigated period had
a natural seasonal increasing trend.
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Figure 4. Air temperature in the open from January 20 to May 3, 2014 with the linear seasonal trend.
Accordingly, temperature data from January and February measurements cannot be used as a training
subset to test the April data and vice versa. Therefore, splitting was implemented to ensure that data in
both training and testing subsets were evenly distributed over the investigated period (in terms of
calendar days and times within a day), and so that the training subset was twice as large as the testing
subset and the model performance could be tested on tuples unseen at the training step (Figure 5).

Figure 5. Sample data set.

Three series of computational runs of the M5-Rules algorithm within WEKA environment were
conducted as follows:
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•
•
•

(Run 1): air temperature under shrub as the target variable; air temperature in the open as the
predictor variable;
(Run 2): air temperature under shrub as the target variable; date, time and air temperature in
the open as the predictor variables;
(Run 3): air temperature under shrub as the target variable; date, time, air temperature in the
open and relative humidity in the open as the predictor variables.

The performance of the models built in each run was above 90% (Figure 6) and with the order of
performance power: Run 3 > Run 2 > Run 1.
Specifically, the inclusion of date, time, air temperature in the open and relative humidity in the open as
the predictor variables in the model produced the highest correlation coefficient of 0.9694. The summary
of the model performance measures is presented in Table 1.
Table 1. Model performance measures.
Reference measure
Correlation coefficient
Mean absolute error
Relative absolute error
Test set

Run 1
0.9044
2.5304
36.1668 %
827

Experiment
Run 2
0.9694
1.5842
22.6428 %
827

Run 3
0.9664
1.6558
23.6661 %
827

Figure 6. Predicted and actual values of air temperature under the shrub.

4

DISCUSSION AND CONCLUSIONS

In this exploratory computational experiment, we applied machine learning techniques aimed at building
a predictive model of the microclimate parameters under the shrubs in a desert ecosystem using
measurements in the open outside the shrub, with a particular focus on air temperature modification.
The mean absolute errors for all developed models suggest high model predictive ability as these errors
do not exceed 5% of the estimated range. The relative absolute error takes into account observed
magnitudes of air temperature along with the deviations, and therefore, its estimates are higher. The
comparison of actual and predicted values of air temperature under the shrub generated in experimental
runs by different models is presented in Table 2.
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Table 2. Comparison of actual and predicted air temperature under the shrub.
Indicator

Actual

Min value
Max value
Average value

-1.071
49.683
12.854

Run 1
-0.541
44.017
13.119

Experiment
Run 2
-0.67
44.803
12.864

Run 3
-0.622
44.634
12.607

As seen in Table 2, the best approximation was achieved by the model generated in the Run 2. This
implies that the relative humidity adds little, if any, information about the dynamics of the air temperature
under the shrub. It was noted that the maximum errors between predicted and actual values occurred
in the neighbourhood of the local maxima and minima, i.e., where non-linear changes in the air
temperature were observed. The highest errors were recorded in the computational Run 1 while the
models from two other runs produced significantly lower errors. This suggests that an extended list of
predictor variables improves the model performance.
It was demonstrated that the predictive models constructed by the M5-Rules algorithm can be used to
describe abiotic factors of a desert ecosystem as they provide fairly close approximations of observation
data. It is obvious that other regression algorithms should also be considered. Extending the list of
predictor variables may also contribute to the model improvement. Given the continuous nature of air
temperature, the time-delay embedding approach to data pre-processing seems viable and warrants
further investigation. Our next step will target the construction of a predictive model of the relative
humidity under the shrubs as another important contributor to microclimate conditions.
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